Motivation: A central problem in bioinformatics is the assignment of function to sequenced open reading frames (ORFs). The most common approach is based on inferred homology using a statistically based sequence similarity (SIM) method, e.g. PSI-BLAST. Alternative non-SIM based bioinformatic methods are becoming popular. One such method is Data Mining Prediction (DMP). This is based on combining evidence from amino-acid attributes, predicted structure and phylogenic patterns; and uses a combination of Inductive Logic Programming data mining, and decision trees to produce prediction rules for functional class. DMP predictions are more general than is possible using homology. In 2000/1, DMP was used to make public predictions of the function of 1309 Escherichia coli ORFs. Since then biological knowledge has advanced allowing us to test our predictions. Results: We examined the updated (20.02.02) Riley group genome annotation, and examined the scientific literature for direct experimental derivations of ORF function. Both tests confirmed the DMP predictions. Accuracy varied between rules, and with the detail of prediction, but they were generally significantly better than random. For voting rules, accuracies of 75-100% were obtained. Twenty-one of these DMP predictions have been confirmed by direct experimentation. The DMP rules also have interesting biological explanations. DMP is, to the best of our knowledge, the first non-SIM based prediction method to have been tested directly on new data.
INTRODUCTION
A central problem in functional genomics is the assignment of function to sequenced open reading frames (ORFs). In the absence of direct experimental evidence of gene function, bioinformatic approaches must be applied * To whom correspondence should be addressed. (Kell and King, 2000) . The most common method used is to infer orthologous homology using a statistically based sequence similarity (SIM) method, such as FASTA (Pearson and Lipman, 1988) or PSI-BLAST (Altschul et al., 1997) . If a sequence of close similarity can be found that has experimentally determined function, then the function of the ORF can be inferred with high probability (Galperin and Koonin, 1998; Devos and Valencia, 2001) . In data analysis terms, the logic behind this procedure is a nearest-neighbour classification in sequence space.
In the absence of a recognized orthologous sequence detected using SIM, the bioinformatic prediction of ORF function is more problematic. The methods with greatest promise are probably those based on data from high-throughput functional genomics experiments, e.g. microarrays (Brown et al., 2000) and phenotype analysis (Clare and King, 2002) . However, if no experimental evidence is available, methods based only on information derived from sequence are required. Many different ways of doing this have been proposed, each based on different types of information:
Amino-acid attributes.The length, pI, relative ratios of singlets/pairs of residues, codon usage, etc. of sequences can give surprisingly strong clues about function (Klein et al., 1984; des Jardins et al., 1997; Danchin, 1999; King et al., 2000a King et al., ,b, 2001 Jensen et al., 2002) . This form of representation of sequence is related to that of the 'bagof-words' representation of text, which is known to be surprisinglyeffectiveintextmining (SchefferandWrobal, 2002 , http://www.ai.ijs.si/DunjaMladenic/TextML02/). Structure. Predicted structure can also give a strong clue about function, and there is a large literature on predicting protein folds and connecting this information to function (for a review, see Thornton, 2001 ). The series of CASP meetings have highlighted the effectiveness of structure prediction (http://predictioncenter.llnl.gov). Direct work in function prediction has also been done using predicted secondary structure, etc. by King et al. (2001) . The approach of Jensen et al. (2002) is also based on a series of local neural network based structure feature predictions.
Gene fusion. If two protein domains are found fused together in another organism then it is likely that these two domains have related function (Marcotte et al., 1999b; Enright et al., 1999) . Bioinformatics can be used to search sequence databases for this possibility. Chromosome proximity. In many cases genes that are close together on a chromosome are found to have related functions (e.g. Overbeek et al., 1999; Ettema et al., 2001; Zheng et al., 2002) . This method is probably most effective in bacterial genes sharing an operon. Phylogenic patterns. The pattern of species in which homologous sequences are found can be informative about function, e.g. if a protein is found ubiquitously its probability of having a house-keeping role increases (e.g. Gaasterland and Ragan, 1998; Pellegrini et al., 1999; Marcotte et al., 2000; King et al., 2000a King et al., ,b, 2001 ). Hybrid approaches. Many hybrid approaches also exist that combine different experimental and/or sequence based methods (Marcotte et al., 1999a; Pavlidis et al., 2001; King et al., 2000a King et al., ,b, 2001 .
The popularity of all these non-SIM based methods is growing rapidly. However, with the exception of structure based methods, the reliability of these methods is unclear, as they have only been tested on hold-out test data. Here, we present the first large-scale test of such methods based on new experimental data.
In 2000-2001, we published the Data Mining Prediction (DMP) method for predicting protein functional class from sequence (King et al., 2000a (King et al., ,b, 2001 . The DMP method is based on combining evidence from amino-acid attributes, predicted structure and phylogenic pattern; and uses a combination of Inductive Logic Programming (ILP) data mining, and decision tree machine learning to produce prediction rules for functional class. DMP can find predictive rules that are more general than is possible using homology. In data analysis terms, the logic behind this procedure is discrimination in descriptive attribute space. DMP was applied to both the Mycobacterium tuberculosis and the Escherichia coli genomes. Using a held-out test set of ORFs with annotated function, DMP had an estimated accuracy of 50-90% (depending on the position of class in the function ontology). Using the same prediction rules, we also predicted the functional class of 1309 ORFs of then unknown function. These predictions were made publicly available at http://www.aber.ac.uk/compsci/Research/bio/ ProteinFunction. Statistical theory, and the design of our machine methodology, gave us confidence in these predictions. However, doubts remained: it seemed a priori unlikely that protein function could be predicted from sequence, and it was possible that the ORFs of unknown function came from a significantly different distribution from those of known function-which would invalidate a key statistical/machine learning assumption.
In the period since these predictions biological knowledge has advanced greatly. Many proteins have had their function determined by 'wet' biology. This has occurred in M.tuberculosis and E.coli, allowing a direct test of our predictions. It has also occurred in other organisms, allowing better homology based function predictions. Equally important, many more protein sequences have been determined, allowing sequence similarity methods to predict function with greater accuracy. This new biological knowledge allows us to test the DMP predictions directly.
METHODS
We chose to examine only our E.coli ORF predictions. The reasons for this are: the original annotation we used for M.tuberculosis (from the Sanger Centre http:// www.sanger.ac.uk/Projects/M_tuberculosis) has never been updated, and because much more data is available for E.coli. We used two ways to test the predictions.
• We compared our predictions to the updated (20.02.02) Monica Riley genome group annotation. This has the advantage of testing a large number of predictions.
• We examined the scientific literature for the direct experimental derivation of ORF functions for our predictions. This test has the advantage of directly experimentally testing the predictions.
We had taken our original E.coli annotation from the early 2000 Monica Riley group annotation. In the intervening period, the functional ontology used by this group has changed considerably in structure. For example, the 'Macromolecule metabolism' and 'Metabolism of small molecules' have disappeared and the new class 'Metabolism' appeared; new classes 'transport', 'DNA sites', 'information transfer' have appeared; the position of 'Cell processes' has moved, etc. This meant that it was not possible to use the new annotation classes directly to test the predictions, and therefore each predicted ORF has had to be examined individually by hand to judge if the prediction had been confirmed or not. The original classification scheme had three levels, however we have only examined levels two and three. The reason for this is that the top level (one) is least informative, and that this level of classification has changed most dramatically in the new Riley classification scheme. Level 2 contains 43 different classes, and level 3 contains 122 classes (not including the '4.S' classes). To classify the results of these predictions we used the following scheme:
Correct-In the new annotation, the function is consistent with our predictions and the term 'putative' or a related term is not used.
Wrong-In the new annotation, the function is inconsistent with our prediction and the term 'putative' or a related term is not used.
New correct putative-In the new annotation, the function is consistent with our predictions, and the term 'putative' or a related term is used. New wrong putative-In the new annotation the function is inconsistent with our prediction, and the term 'putative' or a related term is used.
Same correct putative-The function in the new annotation is the same as previously present, it is consistent with our predictions, and the term 'putative' or a related term is used. Same wrong putative-The function in the new annotation is the same as previously present, it is inconsistent with our prediction, and the term 'putative' or a related term is used. Evidence for-No definite function is given, but the new annotation presents evidence that is consistent with our predictions. Evidence against-No definite function is given, but the new annotation presents evidence that is inconsistent with our predictions. No evidence-Either no annotation is given, or the new annotation provides no evidence to decide on the validity of our prediction. Near miss-The new annotation is inconsistent with our prediction, but the predicted class is functionally close to the annotated class.
To ensure consistency every classification was examined at least twice by RDK, with a delay between examinations. In addition, the predictions of the different rules were examined separately, and any contradiction that arose was examined and resolved. The complete list of the classifications can be found at http://www.aber.ac.uk/compsci/Research/ bio/dss/ecoliconf/. This classification procedure is clear to some extent subjective, as is much of genome annotation, and it is to be expected that some of the classifications of the predictions will be incorrect. However, we believe that the great majority are correct, and that statistical arguments ensure that the conclusions we draw in this paper are correct. In annotating the results of our predictions, our strategy has always been to try to err on the side of caution, and not to 'call' predictions if there was doubt. The strategy is also conservative in that as there are inevitably mistakes in the Riley annotation (incorrectly asserted functionsfalse positives; and missing functions-false negatives), and these will cause the annotated accuracy DMP to be an underestimate.
We used two methods to find ORFs that had new wet experimental evidence about their function:
• We examined the updated Riley annotation for ORFs that were now annotated as having a definite function, i.e. not 'putative' etc. The literature on those ORFs was then examined to see if indeed there was direct experimental evidence about their function.
• We examined the Echobase database (http://web.bham. ac.uk/bcm4ght6/genome.html). This is a database of E.coli genes characterized since the completion of the genome sequence. For each ORF in Echobase with a characterized function, we checked the literature to confirm the Echobase assignment (for YdeP we found that our prediction was likely to be correct, and a mistake in Echobase had occurred).
To test for the probability of our predictions occurring by chance we used a binomial test, with the probability of success being the probability of the most populous class. This test has the advantage of being simple to calculate, makes few assumptions, and is guaranteed to give an over estimate. The probability of obtaining at least this accuracy by chance is given by
where n is the number of trials, x is the number of successes and p is the probability of success. This test will give an overestimate as we use the probability of the most populous class as our probability of success by chance, whereas for most of the classes their probability of success is lower than this.
RESULTS
The results presented in Tables 1-4 show the results from the updated annotation. The levels refer to the class levels in the Riley group E.coli functional hierarchy. More than one prediction can be made for an ORF, as ORFs can be involved in more than one function. We show results from voting and from simply using all predictions ('non-voting'). Predictions based on voting rules are all those where at least two rules agree on a prediction. We expect this to be more accurate by filtering out predictions that are not strongly supported. The non-voting predictions are simply all counted. No ranking of predictions is used in either case-ORFs may have more than one annotation, and all predictions for an ORF may be correct. For example, assume there are three rules making predictions for an ORF, and these predictions are class A, class A and class B. When counting by voting we would only count the class A prediction, as at least two rules agree on this, whereas when counting by non-voting we would count both class A and class B as predictions for the ORF.
The results in Tables 1-4 are statistically highly significant (see figure legends). The default accuracy given is the accuracy achieved if you predict all ORFs to belong to the most populous class. As expected, the voting strategy produces significantly higher accuracy (correctly predicted ORFs/number of predicted ORFs) than non-voting, but has lower coverage (number of predicted ORFs/total number of ORFs). It is interesting that for the voting strategy the predictions for level 3 are more accurate than those for level 2; and for the nonvoting strategy the level 2 accuracies are higher than level 3. This can be explained by the far greater number of classes, The default accuracy of the largest class is 6%. The probability of obtaining this accuracy on newly assigned functions occurring by chance is estimated at less than 4.53e − 19.
and lower default accuracy, in level 3 compared with level 2: it is therefore inherently more difficult to predict at level 3 than 2. For the voting rules, the probability of two or more rules agreeing by chance is much lower for level 3 compared with 2, therefore, when this does occur it is more likely to be because the predictions are correct. It should also be stressed again that these accuracies are likely to be underestimates as they are based on the assumption that Riley annotation is complete and correct. The results for the ORF predictions which have either been confirmed, or not, by wet biological experiments are given in Tables 5 and 6 . The level 2 DMP predictions in Table 5 are 50% accurate and the level 3 DMP predictions are 43% accurate. Using voting, both sets of rules are 67% accurate. This result is significantly better than the default accuracies, which are 29.1% (class 'cytoplasm') and 8.4% (class 'transcription related'), respectively. Note that even if a different function than predicted has been determined, this does not absolutely exclude that our prediction is in still potentially correct; so again these are conservative estimates. It is interesting that there is a significant bias in the functional classes that have confirmed functions towards metabolism, but it is unclear what the reason for this is. Note the subjective element in some classification: e.g. should an isopentenyl diphosphate isomerase (b2889) be considered part of 'Energy metabolism carbon'? We have erred on the side of caution and said 'it isn't'. The default accuracy of the largest class is 6%. The probability of obtaining this accuracy on newly assigned functions occurring by chance is estimated at less than 2.14e − 19.
The rules that we have previously used as illustrations in publications (King et al., 2000a (King et al., , 2001 ) are shown in Figures 1-5 . The accuracies obtained for these rules when applied to the new experimental data are, with the exception of the rule in Figure 5 , consistent with the original claims. In addition, for rules in Figures 1 and 3 plausible biological explanations are proposed. This gives additional confidence in the rules. It is important to note that these explanations result in testable hypotheses. Although the explanations for the rules in Figures 2 and 4 may be less convincing, nevertheless these rules are found to be empirically successful, so they must reflect some biological causation. The rule in Figure 5 does not perform any better than random and we now do not believe that it represents a true biological pattern.
DISCUSSION
Despite becoming increasingly popular, many doubts have been expressed about the accuracy of non-SIM based function prediction methods. In this paper, we present strong evidence that one such method, DMP, can accurately predict function. The evidence is in two forms: direct new experimental results taken from the literature on E.coli which confirm the predictions, and new annotations based on new sequences and experimental results in other species which confirm the predictions. The success of DMP should also increase the confidence in other non-SIM based prediction ORF is the Blattner number for ORF. PubMed ID is the identifier of the publication in PubMed that provides the wet biological evidence. The predictions are ordered by result and ORF id. The rule numbers are identifiers for the specific rule predicting the ORF. C = 'Correct'; W = 'Wrong'; EF = 'Evidence for'; EA = 'Evidence against'. There are 11 'Correct' predictions and 11 'Wrong' ones. The probability of obtaining this accuracy on newly determined functions occurring by chance is estimated at less than 2.4e−3. ORF is the Blattner number for ORF. PubMed ID is the identifier of the publication in PubMed that provides the wet biological evidence. The predictions are ordered by result and ORF id. The rule numbers are identifiers for the specific rule predicting the ORF. C = 'Correct'; W = 'Wrong'; NM = 'Near Miss'. There are 10 'Correct' predictions and 13 'Wrong' ones. The probability of obtaining this accuracy on newly determined functions occurring by chance is estimated at less than 3.3e−7. Fig. 1 . Level 2 seq+sim+str rule 44. This rule is based on predicted structural and phylogenic features. In the original test set this rule was 12/13 (86%) correct. The default accuracy for this class is 21%. Twenty-four ORFs of unknown function were predicted by the rule: Correct 2, Wrong 0 (100%); New correct putative 7, New wrong putative 1 (87%); Same correct putative 6, New wrong putative, 0 (100%); Evidence for 4; No evidence 4. These results are consistent with the original estimate of accuracy. The previous published analysis on this rule indicated that homology to the Chytridiomycetes mitichondrial protein cytochrome c oxidase (polypeptide 1) was important; with the structural attribute probably being related to the transmembrane α-helices. Cytochrome oxidase is the last of the three proton pumping assemblies of the respiratory chain, and it catalyses the transfer of electrons from ferrocytochrome c (the reduced form) to molecular oxygen. The Chytridiomycetes are lower fungi and branch close to the divergence with animals. Mitochondria evolved from eubacteria proteobacteria relatively closely related to E.coli. [Note, the ancestor considered closest is Paracoccus denitrificans, and that E.coli itself does not have a cytochrome aa3 oxidase (http://tcdb.ucsd/tcdb).] We consider it significant that the Chytridiomycetes, along with the mitochondriate protists (jokobids and mitochondriate retromonads), define the key transition in mitochondrial evolution from an eubacteria like genome to the current reduced genome (Forget et al., 2002) , and that some of the subunits of cytochrome c oxidase are encoded on the mitochondrial genome. The Chytridiomycetes are also known to have evolved slowly (Philippe, 2000) . It is therefore possible that the rationale behind the rule is that the cytochrome c oxidase in Chytridiomycetes is a 'molecular living fossil' (Soltis et al., 2002) which has retained features of an ancestral protein which radiated into a wide variety of transport proteins, and this has allowed the protein to be used to identify very remote homologous which would be otherwise missed. To test this we applied PSI-BLAST to the predictions and they can mostly be linked by large E-values, but they are not obviously homologous, e.g. the ORF b4262 is an outlier. The idea of using exemplar sequences to recognize homology is the same as using exemplars in case based reasoning in computer science (Aha et al., 1991) . Note that this rule was only true for the database in 2000, and there may now be many more Chytridiomycetes proteins sequences; increasing the likelihood of a protein with a predicted β-strand of <3 having a homologue in Chytridiomycetes. However, this limitation does not invalidate the predictions or make the proposed hypothesis about Chytridiomycetes less interesting. In the original test set this rule was 6/12 (50%) correct. The default accuracy is 10%. Around 40 ORFs of unknown function were predicted by the rule: new correct putative 8, new wrong putative 6 (57%); same correct putative 3, new wrong putative 2 (60%); evidence for 16; no evidence 5. These results are consistent with the original estimate of accuracy. The rule covers a set of phosphatases and oxidoreductive enzymes. These appear not all to be homologous. The rule requires a transmembrane homologue in the kinetoplastida (e.g. trypanosoma) but not in the bacterial epsilon subdivision (e.g. helicobacter). The fact that the epsilon subdivision bacteria are generally microaerophilic may be significant. The requirement for no trp-pro dipeptides may be connected with a transmembrane structural restriction (both have five-membered rings).
methods. Comparing SIM and non-SIM based function prediction methods, the advantages of non-SIM based methods are:
• Function can be predicted in the absence of homology to a sequence of known function (King et al., 2000a (King et al., , 2001 Jensen et al., 2002) .
• More general types of sequence similarity can be utilized allowing more remote relationships to be detected.
• Explicit comprehensible rules can be produced that may provide genuinely novel and unexpected biological insights.
The disadvantages of non-SIM based methods are:
• That the biological basis of the methods is less well understood.
• The statistical confidence of the predictions of many non-SIM methods is not well established.
• Non SIM methods may require SIM methods from which to bootstrap.
We have designed the 'Genepredictions' database for protein functional predictions (http://www.genepredictions.orghosted at the Department of Computer Science, University Fig. 3 . Level 2 Seq Rule 56. This rule is based only on amino-acid attributes. In the original test set this rule was 20/31 (64.5%) correct. The default accuracy is 21%. Around 49 ORFs of unknown function were predicted by the rule: Correct 3, Wrong 1 (75%); New correct putative 6, New wrong putative 4 (60%); Same correct putative 20, New wrong putative 2 (91%); Evidence for 14; Evidence against 2; No evidence 5; Near miss 2. These results are consistent with the original estimate of accuracy. The rule is very simple: it requires a relatively high pI, low ratios of glu-pro dipeptides, and some val-gly dipeptides. The high pI implies the specific transport of negatively charged molecules. This is consistent with the known metabolites transported: benzoate, p-aminobenzoyl-glutamate, 3-deoxy-d-manno-octulosonicacid, cyanate, l-arabinose/isopropyl-β-d-thiogalactopyranoside, phosphate, α-ketoglutarate, pantothenate, hexuronate transport, tyrosine, cytosine, rhamnose, bicyclomycin, l-arabinose, glycine/betaine/proline, l-asparagine, d-xylose, tryptophan. Note also the predominance of substituted aromatic ring/sugar metabolites. The rule correctly predicts the experimental result that the predicted ORF b1981 is a shikimate and dehydroshikimate transport protein (Table 5 )-both shikimate and dehydroshikimate are negatively charged aromatic metabolites. The high ratio of val-gly dipeptides may be necessary to fit a space constraint. This dipeptide is known to be especially common in transmembrane helices (Senes et al., 2000) . The low ratio of gln-pro dipeptides is interesting in that it may be related to avoiding residues with amide groups near the chain kink caused by the proline. Most predictions were homologous to each other, but not all. Unlike a functional prediction based on homology this rule provides some structural/physical explanation. In the original test set this rule was 3/6 (50%) correct. The default accuracy is 10%. Around 18 ORFs of unknown function were predicted by the rule: new correct putative 0, new wrong putative 5 (0%); evidence for 2; evidence against 3; no evidence 9. These results are not consistent with the original estimate of accuracy. This rule does not perform well. We believe this is caused by problems in defining the structural background knowledge.
of Wales, Aberystwyth). This database was first designed to hold our E.coli ORF predictions, and has been extended to hold predictions for any organism. It is intended to act as a free repository of function predictions that can be accessed by anyone wanting information about the possible function(s) of gene that does not currently have an annotation in the standard databases. The Genepredictions site presents a simple user interface through which the database of gene predictions can be searched. The database holds predictions of ORF functions as well as information about how those functions were predicted. The following criteria can be used to search for predictions in the database: organism, functional class, single or multiple ORF names, date and institute.
Search results are displayed by default as Web documents. An option is available to receive the results in a spreadsheet compatible file format. Currently in Genepredictions each prediction is given with an estimated accuracy, so users will have an idea of the confidence of the prediction. In addition, a link is made to the evidence for the prediction; for DMP this refers to a rule, and this may give an intuition into the biological reasons for the prediction. Genepredictions currently holds the functional predictions of 1309 E.coli ORFs, 983 M.tuberculosis ORFs and 2413 Saccharomyces cerevisiae ORFs.
We wish to encourage other workers to contribute to this database. We believe that there is a need for a prediction database, distinct from annotation databases, as standard annotations are generally assumed to have very high accuracy, whereas predicted functions are of much lower accuracy. This distinction is somewhat loose, as the concept of an annotation having a probability is not generally used, and terms such as 'putative' are often used to implicitly denote lower probability in annotation. Nevertheless, the large-scale prediction of protein function has often been disparaged as potentially 'polluting' the annotation database, and it would be useful to keep the two forms of information separate.
In conclusion, the actual function(s) of a gene can only be fully determined by multiple 'wet' experiments. However, bioinformatic techniques that accurately predict function can make such experimental determination simpler. It is clearly more efficient to test a high probability hypothesis than to randomly test for possible functions. We look forward to our predictions and the Genepredictions database being a useful tool in functional genomics.
